Predicting risk of cancer for individuals has long been a goal of medical research. If an individual's risk could be predicted, then prevention and screening modalities could be targeted toward those at meaningfully high risk. This approach is not only more cost efficient than targeting the whole population but also more ethical, at least when interventions are burdensome to the individual. The quest for risk predictors has been revitalized with the emergence of technologies that measure genetic information and other molecular and physiological attributes of the individual. In this issue of the Journal, Gail ( 1 ) asks to what extent newly discovered associations between seven single-nucleotide polymorphisms (SNPs) and incidence of breast cancer can improve assessment of breast cancer risk. Comparisons are made with models that employ standard clinical factors to evaluate the incremental value of the SNPs for prediction over the standard clinical information. Using estimated relative risks and allele frequencies, Gail finds that the SNPs are expected to have a small effect on the capacity of prediction models to distinguish women who will and will not develop breast cancer. Because he assumes best-case scenarios, his results probably provide upper limits on expected increments in risk prediction with SNPs. He postulates that many more SNPs with these levels of association with breast cancer will need to be discovered to substantially improve risk prediction. Gail's arguments demonstrate that the sample sizes needed to discover an adequate number of SNPs will need to be very large indeed. Although his calculations are based on many assumptions, they provide a good place from which to start the discussion about what types of markers and studies will be needed to make progress in this field.
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Gail uses the area under the receiver operating characteristic (ROC) curve (AUC) to summarize and compare prediction models. Although this is a popular statistical approach with a long history ( 2 ), there has been considerable criticism of it, with recent criticisms coming from the cardiovascular research community ( 3 , 4 ) . Reexamining the role of AUC has been motivated in part by frustration at not being able to identify valuable biomarkers on the basis of AUC. The AUC is often interpreted as the probability of correct ordering -correct in the sense that when comparing the risk predictions for two subjects, only one of whom develops breast cancer, the risk calculated for the breast cancer subject is the larger of the two values. The fi rst criticism of the AUC is that this probability is not a clinically relevant way of summarizing predictive performance. Subjects do not present to the clinic in pairs, and the problem is not to determine which of the pair will develop cancer. A second criticism is that the scale is somewhat deceptive. A substantial gain in performance may not result in a substantial increase in AUC. For example, suppose that the sensitivity changes from 40% to 90% but only over the range of specifi cities corresponding to 90% -100%. This is an enormous improvement in performance: while maintaining specifi city at 100%, now 90% rather than 40% of cancers can be predicted. However, the change in AUC is only 0.05. Although an extreme example, it illustrates the point. These two criticisms of AUC apply generally, not solely to risk prediction. The AUC really is a poor metric for evaluating markers for disease diagnosis, screening, or prognosis. The third criticism, which is specifi c to risk prediction, is that the AUC, and indeed the ROC curve itself, hides the values of risk calculated for subjects in the population. Indeed, the risk values are not visible from the ROC curve or the related curves in fi gure 2 of Gail ( 1 ). Moreover, the same ROC curve results if risk values are transformed monotonically, say, multiplied by a factor of 10, yet the clinical implications of these risk values would be very different.
The key question in evaluating risk prediction models concerns the number of subjects who are identifi ed as being at high risk. Does a model that includes SNPs identify a substantially larger number of women at high risk for breast cancer who might therefore benefi t from an intervention? In other words, does it do a better job than a model without SNPs at risk stratifying the population? The population distributions of absolute risk derived from the two models can be displayed to allow this sort of assessment. At any chosen high-risk threshold, the proportions of subjects with risks above that threshold can be compared. We refer to these plots as "predictiveness curves" ( 5 , 6 ). Cook ( 3 ) tabulates these proportions for specifi c thresholds considered therapeutically relevant in preventing cardiovascular events. Unfortunately, it is not possible to determine the population distributions of absolute risk for the models described in Gail ( 1 ) . The distributions of relative risk are shown instead. Gail notes that to derive the absolute risk distribution from the relative risk distribution, one needs to know the absolute risk in the baseline group, those with the lowest level of risk for all factors in the model, denoted by Gail with the letter k . The effect of k would be to shift the relative risk distribution shown in his fi gure 1 by log( k ) to arrive at the distribution curve for absolute risk. Because the models differ in risk factors included, the baseline group varies across models and so too does the corresponding risk, k . This means that the curves in fi gure 1 would need to be shifted by different degrees to assemble the absolute risk distributions from them. In conclusion, the comparison of relative risk distributions does not give direct information about the comparison of absolute risk distributions, which is of key interest for comparing risk prediction models.
Interestingly, the absolute risk distributions could have been calculated by Gail if population incidence rates were specifi ed. In particular, the absolute risk in the baseline group, k , for each model is simply the population incidence divided by the average relative risk. Because k is the factor that links the relative risk distribution to the absolute risk distribution, values for age-specifi c incidence of breast cancer could therefore be used in conjunction with Gail's calculations to determine the age-specifi c risk distributions for women using models with and without SNPs. The agespecifi c proportions of women identifi ed at high risk could then be compared across models. This would be an interesting exercise to complement Gail's calculations.
Appropriate evaluation of risk prediction models requires specifi cation of a risk threshold for defi ning individuals as high risk.
What high-risk threshold should be used in the breast cancer setting? A consensus on this fundamental question does not exist at present. The choice depends on costs and benefi ts associated with interventions that will be employed for women designated as high risk. Tamoxifen therapy and screening with magnetic resonance imaging are among the set of options for breast cancer. Medical decision theory provides an explicit solution for high-risk designation in terms of 1) the net benefi t, B , of being classifi ed as high risk if, in the absence of intervention, one is destined to develop breast cancer, and 2) the net cost, C , of being classifi ed as high risk if, in the absence of intervention, one is destined not to develop breast cancer. The risk threshold at which expected benefi t exceeds expected cost is C /( C + B ) ( 7 ). The higher the cost:benefi t ratio, the higher the optimal threshold. Cardiovascular consensus groups ( 8 ) have determined risk thresholds based on costs and benefi ts of different therapy options. Corresponding guidelines for defi ning high risk in the context of breast cancer prevention must be developed. We need them to gauge the value of risk prediction models. Risk thresholds might be chosen to vary with factors such as age, recognizing that costs and benefi ts of high-risk interventions are not uniform across the population. Moreover, in practice each woman may have her own tolerance for risk that could vary from guidelines developed by consensus groups.
Gail's ROC analysis indicates that even under optimistic assumptions, SNPs -or, for that matter, other risk factors with moderate relative risks -are unlikely to substantially improve current algorithms for breast cancer risk prediction. The same conclusion may well hold with analyses that focus on proportions of high-risk (or low-risk) women identifi ed. Indeed, this has been the experience in cardiovascular research. Biomarkers such as C-reactive protein (CRP) and high-density lipoproteins that do not increase AUC statistics do not appear to improve risk stratification either, at least when considering the population as a whole ( 9 ) . Subsets of the population may, however, benefi t from information in these markers. Ridker and Cook ( 10 ) report that for subjects at intermediate risk according to standard risk factors, CRP can further stratify a large fraction of subjects into high-and low-risk categories. Similarly, for breast cancer risk prediction SNPs and biomarkers may have their greatest impact on subpopulations.
Risk stratifi cation is not the only component of prediction model evaluation. As Gail notes, calibration is of paramount importance. A well-calibrated model ensures that the calculated risks refl ect the actual proportions of subjects who develop disease. Also of interest is the accuracy of risk classifi cations, defi ned as the proportion of women who develop breast cancer who are classifi ed as high risk and the proportion of women who do not develop breast cancer who are classifi ed as low risk ( 5 ) . These can also be calculated using the absolute risk distribution, a fact previously noted by Gail and Pfeiffer ( 11 ) .
